Search advertising is the advertising that appears at the top and right-hand sides of the search page when a user searches for something in an online search engine. Search ads feature two types of prominence: prominence of ad position and prominence of advertiser. This paper examines how these two types of prominence interact in determining the click-through-rate of these ads. Using individual-level click-stream data from Microsoft Live Search, and measures of advertiser prominence from Alexa.com, we find that ad position and advertiser prominence are substitutes, not complements. Specifically, in searches for digital camera brands, a retailer not in the top-100 of Alexa rankings has a 30-50% higher click-through-rate (CTR) in position one than in position two, whereas a retailer in the top-100 of Alexa rankings has only a 0-13% higher CTR in the top position. Qualitatively similar results are obtained for several other search strings. These findings demonstrate, first, that advertiser identity matters even for search ads, and, second, the way it matters, is the opposite of what is usually assumed in the theoretical literature on search advertising.
Figure 1: Search advertising tiser prominence, multiplicatively. That is, CTR ij = α j β i , where α j is an ad position factor and β i is an advertiser prominence factor (Aggarwal et al. 2006 , Katona and Sarvary 2010 , Pin and Key 2011 , Nekipelov 2014 . While there is empirical support for higher ad positions eliciting higher CTR in the aggregate (Brooks 2006 , Animesh et al. 2011 , Rutz et al. 2012 ), disaggregate analysis shows considerable variation around this pattern. For example , Jerath et al. (2011) and Narayanan and Kalyanam (2014) demonstrate that particular advertisers in lower positions get higher CTRs than advertisers above them. Jeziorski and Segal (2014) find that the CTR for a particular advertiser in a particular ad position depends on who else is advertising and in what positions.
In this paper we combine individual-level clickstream data from Microsoft Live Search and advertiser prominence data from Alexa.com to study how ad position and advertiser prominence affect CTR. Consumers in our data are searching for particular brands of products, e.g., Nikon. Advertisers to such keywords are typically retailers.
We find that in nearly two-thirds of the impressions with clicks, consumers click nonsequentially; a click on the jth ad is generally not the jth click. Furthermore, in nearly a third of the impressions with two or more clicks, the consumer changes direction: she proceeds upward after proceeding downward. These observations suggest the importance of advertiser identity and of context-who the advertiser is and who else is advertising, both affect consumer behavior toward search ads. Our subsequent results pin down more precisely how these things matter. We find that the multiplicative assumption underlying much of the theoretical literature completely mischaracterizes the nature of the interaction between ad position and advertiser prominence. One of the implications of the multiplicative assumption is that the marginal CTR-value of ad position, (α j − α j+1 )β i , is increasing in advertiser prominence. Instead, we find just the opposite: more prominent advertisers benefit less from improvements in ad position than less prominent advertisers. The multiplicative assumption also implies that relative marginal value of ad position, (CT R ij − CT R ij+1 )/CT R ij+1 , is independent of advertiser prominence. We find that advertiser prominence matters both in an absolute sense as well as in an relative sense. This last result implies, in particular, that the elasticity of CTR with respect to ad position is decreasing in advertiser prominence.
Data and institutional details
When a user submits a search query ("search string") with commercial value to a search engine, a list of ads appears, what we call an "impression." Sponsored links appear at the top and right-hand side of the so-called organic links-the links the search engine itself produces based on its proprietary algorithms. Each search ad is a brief paragraph of text-perhaps two or three lines-of which the most notable part is the advertiser's (clickable) web address (see Figure 1 ). The search ads in an impression are determined by a generalized second-price auction (Edelman et al. 2007) . Businesses bid for advertising slots associated with particular keyword(s) by submitting the price per click they are willing to pay. The search engine weights the bids by proprietary "quality scores" and runs an auction, the outcome of which is an ordering of ads and a price-per-click for each advertising slot (Edelman et al. 2007 , Varian 2007 . Quality scores and bids are keyword-and advertiser/ad-specific. The search engine is compensated only if a consumer clicks on a sponsored ad.
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Our search ads data come from Microsoft's search engine, Live Search, the precursor to today's Bing. In 2008, as part of its Beyond Search initiative, Microsoft made available to a limited set of academics a data set containing 20 million search impressions chosen randomly from the ones that appeared in a roughly three-month period, 10 August-1 November
2007.
4 The sampling scheme involved selecting an impression at random from the log and then including all the other impressions displayed to the same user during the same session.
Impressions that were part of longer user sessions thus had a proportionally higher probability of being in the data set than impressions from shorter sessions. However, since the vast majority of the sessions contained only one impression, associated with a particular user's search, we believe sample selection, both in impressions and in users, is essentially random.
The average length of a session was about ten minutes.
Search impressions and user activity are well documented in the data. For each impression we have the keyword that generated it, list of sponsored links, order of sponsored links, identity of advertisers, and the time stamps of all clicks on sponsored links in a session.
Thus, this data set is fairly unique. Other than Jeziorski and Segal (2014) , who use the same data source as us, we are not aware of any empirical study that uses impression-level data, with all advertisers in an impression accounted for. By contrast, Ghose and Yang (2009) and Yang and Ghose (2010) use weekly average data, and Animesh et al. (2011) and Narayanan and Kalyanam (2014) use daily average data, aggregating over many impressions in the process. Furthermore, the first three papers are based on data from a single advertiser, whereas the fourth is based on data from four advertisers that eventually merged into the same firm.
We restrict our attention to keywords that have a large number of impressions and are specific enough to involve the same set of advertisers in a large proportion of the impressions.
Such keywords tend to be well-known brands that participate in a fairly narrow set of related product categories, e.g., Nikon. Advertisers advertising to such keywords tend to be retailers. Our main analysis concerns three digital camera brands: Canon, Nikon, and Olympus. In addition, we examine a set of brands that participate in a broader set of categories-Nike, Adidas, Puma, Sony, Yamaha, and Maytag-and two non-branded keywords, textbooks and e-books, that are really product categories (of which the second is broader than the first).
Our final sample consists of 28, 153 search impressions for the three digital camera brands and 252, 138 search impressions for all the other keywords combined.
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We supplement the Microsoft data with data from Alexa.com. Alexa ranks websites by their traffic using a "global traffic panel, which is a sample of millions of Internet users using one of over 25,000 different browser extensions," and, directly, for "sites that have chosen to install the Alexa script on their site and certify their metrics" (www.alexa.com/about). Its rank "is a measure of how a website is doing relative to all other sites on the web over the past 3 months. The rank is calculated using a combination of the estimated average daily unique visitors to the site and the estimated number of pageviews on the site over the past 3 months." We used Alexa's API to download daily rankings of each retailer during our sample period. Using the daily data we computed a 3-month average Alexa rank for each retailer and used that as a measure of advertiser prominence in our analysis. 
Analysis
Tables 1-3 contain descriptive statistics from our data set.
Bureau, accounting for almost 20% of advertising spending in 2012. 6 Our analysis is keyword-specific, which essentially means that we are controlling for "unobserved search string effects" by running separate regressions for each keyword. For branded keywords, to the extent the search string involved words other than the brand and the advertisers targeted different ad positions based on these unobserved words, our results may be non-robust. This consideration dictates our choice of the digital camera brands as the primary object of our analysis. The analysis of the broader keywords should be regarded as complementary, because it provides evidence for the external validity of our findings beyond the digital camera market. 7 The variation in retailers' Alexa ranks within the 3-month period of our sample is negligible, suggesting that these ranks are relatively stable characteristics of advertisers. For other studies using market share like measures of advertiser prominence, see Goldberg and Hartwick (1990) , Brynjolfsson and Smith (2000) , Pham
and Johar (2001), and Agarwal et al. (2012) . of the impressions with at least two clicks, users click on a higher ad after clicking on a lower ad. This pattern contradicts the so-called cascade models of clicking behavior (Craswell et al. 2008 ). The last four rows of Table 1 show decreasing CTR as we go down the ad list. The 8 The first of these numbers is higher than the typical CTR percentages reported in the literature because it is the CTR for an impression, not for a particular advertiser. Our advertiser-specific CTRs, in Table 3 , are in line with what has been reported before (Animesh et al. 2011, Narayanan and Kalyanam 2014) . 9 As noted earlier, non-sequential clicks are those for which click position does not equal ad position. For example, a consumer whose first click is on the second ad has made a non-sequential click, as has a consumer whose second click is on the first ad. Non-sequential clicks always involve "jumps" over some ads.
Digital cameras Broader keywords

Keyword
Nikon Canon Olympus Other advertisers 2.6% 2.4% 2.3% Table 2 : Click-through-rates of the top-4 most clicked advertisers for each camera brand. Note that the advertisers are not necessarily the same across keywords (cf. footnote 10).
decrease is rather steep with fourth and below slots receiving one-fifth of the CTR of the top slot. This suggests either that high CTR is a natural property of high ad positions or that the top ad positions attract more prominent advertisers who attract more clicks.
Corresponding descriptive statistics for advertisers in digital camera keywords are presented in Tables 2-3 (we omit the statistics for broader keywords for brevity). In these tables we show the top-4 advertisers (ranking is separate for each keyword) with the most clicks; the rest are pooled into a catch-all "other advertisers" category. 10 Table 2 shows the CTRs of the chosen advertisers sorted by total number of clicks. Note that the CTRs are not monotonic. This is because some advertisers have more impressions than others and hence generate more clicks even with a lower CTR. Table 3 presents the average Alexa ranks of the four most-clicked advertisers and "other advertisers." We note that in general the mostclicked advertisers have higher Alexa ranks than "other advertisers." However, amongst the most-clicked advertisers, we do observe advertisers with low Alexa ranks, such as advertiser 3 for Nikon (who is also advertiser 1 for Canon). Additionally, note that 7-9 percent of the low-CTR "other advertisers" have a Top-100 Alexa ranking, which places them amongst the most recognizable advertisers on the Internet.
In order to disentangle the effect of ad position and the effect of advertiser prominence 10 As might be expected, the top-4 advertisers are often, but not always, the same across camera brandsafter all, these are camera retailers with similar brand assortments. Since we do not pool impressions across camera brands, however, we treat the advertisers for each camera brand as distinct. on CTR, we estimate a linear probability model for each keyword. The dependent variable is a click, and explanatory variables include advertiser fixed effects, ad position fixed effects, and interactions between ad position and advertiser prominence. The latter is represented in three different ways: by a dummy variable identifying Top-100 Alexa-ranked advertisers (Alexa rank ≤ 100 = 1, Alexa rank > 100 = 0), a dummy variable identifying Top-500
Alexa-ranked advertisers, and as a continuous variable, as log of the reciprocal of the Alexa rank.
In Tables 4-6 Table 4 : Results from a linear probability model that predicts clicks as a function of ad position for the Nikon keyword. The model includes interactions between ad position and advertiser prominence (Alexa rank) and controls for advertiser heterogeneity via fixed effects (not reported). Specifically, specifications I, II and III, contain interactions between, respectively, the highest ad position, ad positions 1-3 individually, and ad positions 1-3 collectively, and a dummy that captures a Top-100
Alexa-ranked advertiser. Columns IV, V and VI contain the same analysis but with Top-500 Alexa dummy instead of Top-100 Alexa dummy. Column VII contains a specification in which position 1 is interacted with the logarithm of the inverse Alexa score. Table 5 : Results from a linear probability model that predicts clicks as a function of ad position for the'Canon keyword. The model includes interactions between ad position and advertiser prominence (Alexa rank) and controls for advertiser heterogeneity via fixed effects (not reported). Specifically, specifications I, II and III, contain interactions between, respectively, the highest ad position, ad positions 1-3 individually, and ad positions 1-3 collectively, and a dummy that captures a Top-100
Alexa-ranked advertiser. Columns IV, V and VI contain the same analysis but with Top-500 Alexa dummy instead of Top-100 Alexa dummy. Column VII contains a specification in which position 1 is interacted with a logarithm of the inverse Alexa score. Table 6 : Results from a linear probability model that predicts clicks as a function of ad position for the Olympus keyword. The model includes interactions between ad position and advertiser prominence (Alexa rank) and controls for advertiser heterogeneity via fixed effects (not reported).
Specifically, specifications I, II and III, contain interactions between, respectively, the highest ad position, ad positions 1-3 individually, and ad positions 1-3 collectively, and a dummy that captures a Top-100 Alexa-ranked advertiser. Columns IV, V and VI contain the same analysis but with Top-500 Alexa dummy instead of Top-100 Alexa dummy. Column VII contains a specification in which position 1 is interacted with a logarithm of the inverse Alexa score.
The bottoms of these tables show the interaction between advertiser prominence and ad position. We estimate three specifications with these interactions and in each case find a statistically significant impact of advertiser prominence on the size of the position effect.
Namely, for the Nikon keyword, being in the top-100 of the Alexa classification nullifies the marginal effect of the top slot (the difference between ad position 1 and ad position 2).
In other words, retailers that enjoy a top-100 Alexa ranking obtain the same CTRs in ad positions 1 and 2, whereas, not top-100 retailers enjoy nearly 50% higher CTR in the top position. the Olympus keyword, sample sizes are significantly smaller, so it is harder to find statistically significant advertiser prominence effects. Still, even here, we find that being a top-500 Alexaranked advertiser nearly nullifies the effect of top ad position. There advertiser prominence also has a significant aggregate effect on the top-3 slots. In particular, top-500 Alexa retailers enjoy a 1-percentage point lower gap between the top-three slots and lower slots, which is equivalent to nullifying the positive impact of slot 3 and decreasing the positive impacts of slot 1 and 2 by 20% and 33%, respectively.
The analysis of broader keywords is summarized in Table 7 . Each row is a separate regression replicating either column I or column IV in Tables 4, 5 and 6 depending on whether advertiser prominence is captured as a Top-100 ranking in Alexa or as a Top-500 ranking in Alexa. We report only the interaction coefficient summarizing how the top ad position interacts with advertiser prominence. As can be seen, the interaction effects are robust. Despite the greater breath of these keywords, in 5 of the 8 keywords, high-Alexaranked advertisers do not benefit from the top ad position as much as lower-Alexa-ranked advertisers. Moreover, the magnitude of the interaction coefficients is very similar to what we saw earlier for digital cameras. We find insignificant interaction between Alexa and position for Yamaha, Maytag and "textbooks". We cannot rule out that these interaction terms are indeed absent, however, we suspect that the negative result is related to some peculiarities of these keywords. For example, Yamaha is arguably the broadest keyword in our sample because it contains retailers of such diverse products as music equipment and motorcycles. These different sub-categories may have different position effects, which contributes noise and may even lead to bias in our estimates. Keyword Maytag has the smallest number of clicks in our data; we suspect that Maytag coefficients would be significant if more data were available. Lastly, "textbooks" is an unusual keyword because it elicits advertising from a retailer with an extremely suggestive .com name. This advertiser is essentially a monopolist and harvests nearly 50% of all clicks.
This retailer has a low Alexa rank and not coincidentally enjoys a strong position effect, which is consistent with our main hypothesis. However, due to large concentration of clicks at this retailer, it is hard to statistically identify the position effects of other retailers, which results in the insignificant Alexa-position interaction term.
Collectively, it is clear that our results are inconsistent with the multiplicative model of 
Are ad positions exogenous?
A potential concern with our estimates is that ad positions are not exactly exogenous-that ad positions might be correlated with unobserved advertiser characteristics (which also affect CTR). However, there are limits to how concerning this concern should be: after all our regressions recognize observed advertiser heterogeneity via Alexa ranks and unobserved advertiser heterogeneity via fixed effects. Still, there might be a residual concern that advertiser fixed effects do not completely control for unobserved advertiser characteristics. The argument would be that unobserved advertiser characteristics are not exactly fixed-they might have a dynamic component. For example, a retailer's inventory position in Nikon cameras might change over time, which prompts this retailer to be more or less aggressive in its pricing policy, which, in turn, prompts it to be more or less aggressive in seeking higher ad positions. But this counter-argument itself has its limits: it depends on the assumption that consumers recognize a correlation between ad position and underlying offers when making Table 8 : Regression discontinuity estimates of position effects in comparison with our fixed-effect estimator. We construct observation pairs for which the position of the same domain changes within a short interval. Then we first-difference the time-domain effects; that is, we regress the difference between the indicator functions for clicks on the difference between the indicator functions for respective positions. The approach is equivalent to using thousands of time-domain fixed effects. For this reason, the quality scores of advertisers are noisy, which results in a considerable amount of exogenous ad placement variation.
Fortunately, our copious data set allows us to test for the exogeneity of ad positions using a regression discontinuity design. This analysis is presented in Table 8 . For each advertiser we construct observation pairs in which the advertiser is displayed in different positions within a short period of time ranging from 5 seconds to 12 hours. We construct observations by first-differencing the unobserved ad quality for each pair, and we reestimate the position effects using linear probability model. Formally, we perform the regression
where c a,t is the indicator function for a click on domain a in impression t, and ι a,t = (0, . . . , 1, . . .) is a vector indicating position of ad a. 12 Under the mild assumption that the ad quality is constant within the short interval [t − 1, t], the ad quality cancels out and the estimates of position effects,β, are robust to position endogeneity. We compare the regression-discontinuity ad position estimates with the simple fixed-effect estimates without 12 Note that the number of observations for the discontinuity regressions is frequently larger than for fixed effects regressions. It is caused by the fact that we pick all pairs of domains that switch positions, which combinatorially increases the size of the data. For this reason, one may rightfully worry about clustering of standard errors; nevertheless, we use unclustered (underestimated) standard errors, which provide the most conservative test for position endogeneity.
the interaction term with Alexa scores. The simple fixed-effects specification provides a conservative test of ad position endogeneity because it does not rely on Alexa scores to absorb some unobserved advertiser quality. As Table 8 shows, regression discontinuity estimates are not significantly different from the simple fixed-effect estimates and from our main estimates of position effects reported in Tables 4-6 . For example, for the Nikon keyword, even among impressions as far apart as 5s, the top position effect is .055 which is close to the simple fixed-effect estimate of .050 (and even closer to the estimates in Table 4 ). Needless to say, impressions within 1h and 12h, which deliver more precise estimates, are still statistically indistinguishable from the simple fixed-effect estimates. Only in the case of Canon in the 5s window are the estimates substantially different from the simple fixed-effect estimates.
Despite the large number of observations, the statistical precision of these estimates is low.
This suggests that, in this particular case, there is not much variation in advertisers' positions.
Consequently, even mild clustering of standard errors renders the difference between the 5s window and the fixed-effects estimates insignificant.
Discussion and conclusion
Among all the advertising media, no medium is as single-mindedly focused on ad placement as online search advertising. The auction mechanism underlying search advertising exists solely to place advertisements into slots and to price those slots. This concern for ad placement is not entirely misguided. Compared to TV and print advertising, search ads have much less to work with. Their room is limited and the content sparse: website address, some hyperbole, and not much else. If an advertiser deigns to make a factual claim, other relevant facts must necessarily be missing-and we are back in the realm of hyperbole. On the emotional front, the format is nowhere near as engaging as TV and print ads, despite recent improvements in this regard. The bottom line is that search ads are not meant to brand-build, or to close a sale, but instead to persuade consumers to click on an ad so that the advertiser's website itself can perform the task of brand-building or closing the sale. In this context, being positioned high on a list of search ads understandably matters.
The contribution of this paper is to show that advertiser brand also matters to search ads, and that it matters in ways not previously recognized in the literature. Using individuallevel click-through data of people responding to search ads on the Microsoft Live Search platform, and web-traffic data from Alexa.com, we have shown that ad position matters more for less prominent retailers than for more prominent retailers. Specifically, in searches for digital camera brands, a retailer not in the top-100 of Alexa rankings has a 30-50%
higher click-through-rate (CTR) in position one than in position two. In comparison, a retailer in the top-100 of Alexa rankings has only a 0-13% higher CTR in the top position.
In other words, ad position and advertiser prominence are substitutes as far as click-through rates are concerned, not complements, as the theoretical literature has commonly assumed.
This explains why consumers do not always click from top to bottom, and why particular advertisers in lower positions generate more clicks than other advertisers in higher positions.
Thus, our results corroborate the "position paradox" discussed by Jerath et al. (2011) and are consistent with the effects of "bigness" noted by Narayanan and Kalyanam (2014) . Most importantly, they provide a way for advertisers with different brand endowments to evaluate the value of different ad positions.
Taken together these results point to the similarities and differences between search advertising and traditional advertising. It is well understood that all ads must gain attention to be effective. So it is not a surprise that ad placement and advertiser prominence matter for search advertising-they also matter in TV and print advertising (see, e.g., Goldberg and Hartwick 1990, Pieters and Wedel 2004) . What this study shows is that the interaction effects between the two are also similar across media: just as a front-page ad or a TV commercial in the Super Bowl is more valuable to an up-and-coming-brand than to an established brand, a higher ad position is more valuable to a less prominent search advertiser than to a more prominent search advertiser. Where search advertising likely differs from traditional media is in the relative importance of ad content versus ad position. Traditional media, because they allow much bigger sway to advertising content-because of bandwidth and because of engageability-have a greater capacity to build brands from scratch, and to overcome any brand deficiencies the advertiser comes endowed with. Search ads, because they don't build brands by themselves, must leverage their brand endowments more.
